Abstract Purpose: Our aim was to discover possible inherited factors associated with glioblastoma age at diagnosis and survival. Although new genotyping technologies allow greatly expanded exploration of such factors, they pose many challenges. Experimental Design: In this pilot study, we (a) genotyped 112 newly diagnosed glioblastoma patients ascertained through a population-based study (group 1) with the ParAllele assay panel of f10,000 nonsynonymous coding single-nucleotide polymorphisms (SNP), (b) used several statistical and bioinformatic techniques to identify 17 SNPs potentially related to either glioblastoma age at diagnosis or survival, and (c) genotyped 16 of these SNPs using conventional PCR methods in an independent group of 195 glioblastoma patients (group 2). Results: In group 2, only one of the 16 SNPs, rs8057643 (located on 16p13.2), was significantly associated with glioblastoma age at diagnosis (nominal P = 0.0017; Bonferroni corrected P = 0.054). Median ages at diagnosis for those with 0, 1, or 2 Talleles were 66, 57, and 59 years in group 1and 64, 57, and 55 years in group 2 (combined P = 0.001). Furthermore, Cox regression analyses of time to death with number of Talleles adjusted for gender and patient group yielded a hazard ratio of 0.82 (95% confidence interval, 0.68-0.98; P = 0.03). Conclusions: Although limited by a relatively small sample size, this pilot study, using wellcharacterized, unambiguous disease characteristics, illustrates the necessity of independent replication owing to the likelihood of false positives. Several other challenges are discussed, including attempts to incorporate information on the potential functional importance of SNPs in genome-disease association studies.
It is being increasingly shown that common gene polymorphisms affect response to cancer therapies or otherwise influence prognosis and survival (recently reviewed in refs. 1, 2). Glioma survival has been found to be associated with polymorphisms in epidermal growth factor, GSTP1 and GSTM1, HLA A*32 and HLA B*55, and GLTSCR1 S397S and ERCC2 D711D (3) (4) (5) (6) .
Although none of these findings has yet been replicated and cautious interpretation is required, these studies have provided several potentially fruitful areas of discovery of genetic variation related to glioma survival (e.g., signaling pathways for growth factors, cell cycle regulators, modifiers of drug metabolism, and radiation and immune response). Potentially relevant associations of gene polymorphisms with treatment response or survival have been reported for other types of cancers (7 -20) . These reports substantiate the hypothesis that variants in cell cycle, DNA repair, detoxification, or immune response genes alter function and response of tumor cells to therapeutic agents (21) ; affect tumor aggressiveness; and/or provide variation in host defenses against the tumor. There is also evidence from the study of numerous cancers that inherited mutations or polymorphisms might influence cancer development, and such variants often lead to earlier age at diagnosis of the disease (22, 23) .
Although modern genotyping technologies permit genotyping tens of thousands of polymorphisms at reasonable cost, there are significant challenges in interpreting the voluminous data to discover polymorphisms related to disease and disease outcomes (24) . In this article, we report a pilot study using the ParAllele 5 10,000 nonsynonymous coding single-nucleotide polymorphism (SNP) assay panel to genotype newly diagnosed glioblastoma patients ascertained through a population-based study. We used a variety of statistical analytic techniques to choose a small subset of SNP that were potentially related to either glioblastoma age at diagnosis or survival. We then genotyped an independent group of glioblastoma patients for the selected SNPs and found that one of the selected SNPs was significantly associated with glioblastoma age at diagnosis.
Materials and Methods
Subjects. The University of California at San Francisco Committee for Human Research approved methods (including written consent forms) for both the initial subject recruitment and follow-up for survival. Individual hospital institutional review boards also approved methods for medical record abstraction.
Eligibility criteria, ascertainment, specimen collection, interview, medical record abstraction, and mortality follow-up methods for the glioma cases in group 1 have been previously described (25 -27) . Briefly, any adult (age >20 years) newly diagnosed with glioma (International Classification of Disease for Oncology, morphology codes 9380-9481) between August 1991 to April 1994 and May 1997 to August 1999 who resided in six San Francisco Bay Area counties at the time of diagnosis was eligible to participate. This study did not include patients with a previous glioma. Age at diagnosis was defined as the patient's age at histologic diagnosis. Potentially eligible cases were identified using a rapid case ascertainment program available through a Surveillance, Epidemiology, and End Results Program participating registry and the Northern California Cancer Center. The study group included consenting patients who were interviewed about a variety of factors, who gave written consent to obtain and review pathology specimens and records, and who were confirmed to have an eligible diagnosis by our pathology review. We have previously detailed methods for the pathology review (27, 28) ; briefly, tumors were obtained and classified by a specialist neuropathologist according to the WHO criteria described by Kleihues et al. (29, 30) ; glioblastoma corresponds to WHO grade 4. We have previously described follow-up methods for survival (27) . All cases diagnosed with glioblastoma who had adequate blood specimen were eligible for genotyping with the ParAllele assay panel. We previously published information on the blood draw rates for these subjects (31) . Median time from diagnosis to blood draw for genotyped subjects was 109 days.
For the replication set (group 2), glioblastoma cases were ascertained with similar methods but eligible diagnosis dates were from November 2001 to July 2003; newly diagnosed glioblastoma patients attending the University of California at San Francisco Neuro-oncology Clinic during this time period also were eligible regardless of residence in the San Francisco Bay Area counties. We followed patients by phone at 6-month intervals. The first 195 glioblastoma patients accrued during this period with adequate blood specimen were included in the replication set. Median time from diagnosis to blood draw was 80 days.
Because of the variation in genes by ancestry/ethnicity, we limited the genotyping for this pilot study to subjects who reported their ethnicity as White.
Genotyping. The ParAllele genotyping method has been previously described (32) ; the majority of validated nonsynonymous coding SNPs that were known at the time were included in the panel. A list of the 10,177 SNPs on the assay panel is available upon request by contacting authors H. Jones or M. Wrensch.
Of 17 SNPs selected for further study, we genotyped 16 SNPs using conventional PCR-based methods in the replication set. DNA was isolated from heparinized whole blood using Autogen DNA (AutoGen, Holliston, MA). Fourteen SNPs were genotyped using customdesigned Applied Biosystems Assays on Demand Taqman genotyping assays (ABI, Foster City, CA). Two SNPs were genotyped using single base pair extension. The 17th SNP was not genotyped because the SNP and surrounding sequence was nearly a perfect match with five other sites in the genome and attempts at specific amplification of the desired sequence failed. Amplification primers for each polymorphism are listed in Supplementary Table S1 . Quality control measures include blinded analyses, replicating 10% of samples, and negative controls.
Statistical methods. For the ParAllele assay panel genotypes, we calculated two effect measures for each autosomal SNP with allele frequency >5%; these effect measures were hazard ratios (HR) from Cox regressions to time of death with number of variant alleles (0-2) adjusted for age at diagnosis and gender and b coefficients from linear regressions of age at diagnosis with number of variant alleles adjusted for gender. We then used several analytic strategies to further examine the ParAllele genotyping data and these effect measures. These strategies included the following:
1. Whole-genome visualization. We plotted effect measures by chromosome location and examined for areas in which there might be more associated SNPs than expected by chance. A list of (34) for categorical SNP array data. The approach consists of (a) focusing on identifying subsets of genes (SNPs) with suitably low falsepositive rates (rather than meeting a single significance threshold); (b) defining a gene (SNP) -specific test statistic (e.g., Z scores based on HRs for survival adjusted for age and gender and bs from linear regression for age at diagnosis adjusting for gender); and (c) estimating FDR by random permutations of the patient characteristics. The test compares the number of observed Z values of a given magnitude with the number expected in 100 random permutations of the patient characteristics, (i.e., survival time or age at diagnosis). This gives the SNPs whose associations with the characteristic under examination exceed that based on chance. In-house simulations showed that the code was accurate and the method was less conservative than Bonferroni corrections. 4. Focusing on stop-codon SNPs because these are the most likely factors to affect protein structure and function. We chose to analyze these SNPs because stop codons should lead to truncated proteins, suggesting a functional effect. For example, some studies have found stop codon mutations to be involved in familial cancer syndromes (35 -39) . However, although truncation would, by definition, change the amino acid sequence, such changes would not necessarily cause measurable functional changes in protein function; it also is possible that stop codons reaching polymorphism frequencies (>5%) might have only minor functional effects or reside in superfluous proteins because these SNPs survived negative selection in the population. 5. Conducting Random Forests (RF) (40, 41) analysis. RF analysis does not compute P values per se, but gives a measure of importance of each SNP in the classification of the association of interest. The RF method works on a bootstrap method that randomly selects a group of subjects for tree construction, then replaces them and randomly selects another group with the same numbers of subjects. In each set, there are, therefore, subjects who are ''out of the bag'' and the classification tree can be applied to them to estimate prediction error. For each subject, the ''votes'' for the prediction are counted across all trees for which that subject was out of the bag, and the subject is predicted to be in the class with the most votes. For each variable, the importance of the variable is related to how accurately it classifies subjects. Moreover, because the importance itself is a variable, it has a SD value. The relative importance of each variable is the importance score divided by the SD and is used to prioritize variables, similar to P values. We did RF analysis on effect measures from 71 autosomal stop codons. [Note that although the RF method uses linear regression on log(years survival) for the survival effect measure of association, rather than Cox regressions, this is not problematic in this sample as none of the patients was censored]. SNPs with relative importance >3 were then put in multivariate models (a Cox regression for survival and a linear regression for age at diagnosis) with other SNPs so selected and appropriate adjusting factors (age and gender for survival and gender for age at diagnosis).
After conducting these analyses, we selected 17 SNPs for evaluation in the replication set of subjects using the following criteria: (a) permutation FDR <0.10; (b) highest three HRs from survival analysis; (c) RF analysis selected SNP with importance >3; and (d) P value from subsequent Cox regression for survival or linear regression on age at diagnosis with RF selected SNPs was <0.05. For the genotyping data of the replication group, we computed effect measures in the same way as for the ParAllele SNPs and report nominal P values. Because 16 SNPs were genotyped in the replication group and we assessed two effect measures (HR and average age at diagnosis), the Bonferroni corrected P values for the replication group is 0.05/32 = 0.0016.
Results
ParAllele genotyping. Of 164 White glioblastoma cases for whom we had blood specimens, 115 had sufficient specimen for this pilot study. Three of these 115 cases did not give satisfactory results on the ParAllele SNP assay panel, leaving 112 cases for analysis. Table 1 compares the patient characteristics (age, gender, and median survival) for the subjects who were genotyped with subjects who were part of the populationbased series but not genotyped. As shown, the subjects for whom we have blood samples were generally younger and had better survival than subjects from whom blood could not be obtained. This is because, even with rapid case ascertainment, many glioblastoma patients died before they could be enrolled in the study.
Among the 112 glioblastoma cases, 6,970 SNPs had allele frequencies >5%. Call rates (numbers of specimens for which the genotype for a particular SNP could be called) for the SNPs ranged from 74% to 100% with an overall average exceeding 98%. We had previously independently assessed two SNPs on the ParAllele assay panel in Dr. Kelsey's laboratory, GSTP C114T and GSTP A105G (42); results were completely concordant for GSTP C114T and one was discrepant for GSTP A105G (j = 0.99), indicating outstanding agreement. Whole-genome visualization. Figures 1 and 2 show the whole-genome visualization for the association of the 6,970 SNPs with survival and age at diagnosis, respectively. As seen in Fig. 1, f6 .45% of SNPs had P V 0.05, where 5% would be expected, indicating the possibility that the association of some SNPs with survival may not be due to chance. The graph also shows chromosomes that are likely to have SNPs influencing survival above that expected by chance. In contrast, 4.5% of 6,970 SNPs had P V 0.05 for association with age at diagnosis, but the 95% confidence limit includes 5%. Please note that these analyses have not accounted for correlations among SNPs.
Selecting SNPs for replication. Table 2 
Permutation FDR on all 6,970 SNPs with allele frequencies >5% and on 1,473 SNPs in broadly defined chromosomal regions. Using these two sets of SNPs for the two outcomes, case-survival and age at diagnosis, gave four analytic sets. In this small pilot study, none of these sets revealed SNP disease characteristic associations with FDRs <5%. However, one such analysis yielded a FDR of 10% for three SNPs; these three SNPs were selected for replication. Figure 3 shows the permutation results of observed versus expected Z scores based on regression coefficients of age at diagnosis by gene dose, controlling for gender for SNPs within the broadly defined candidate chromosomal regions (07p 09p 10p 10q 11p 13q 17p 19q  22q) .
RF analyses using 71 stop codon SNPs. For 71 stop codons, we compared the performance of RF with the permutation FDR method described above for detecting potential associations with case survival and age at diagnosis and survival. To summarize the results, the smallest FDRs detected for the 71 stop codons were 0.12 for survival and 0.49 for age at diagnosis. For the RF method, 2,000 trees were estimated and SNPs that were selected had a relative importance >3 (corresponding to an importance >3 SDs greater than the average importance scores for all SNPs). Seven SNPs were found to have relative importance >3 for RF on log(survival years) and another seven SNPs had relative importance >3 for RF on age at diagnosis. All seven SNPs that RF selected as related to glioblastoma multiforme survival were nominally statistically significantly associated (P V 0.05) with survival in multivariate Cox regression. Four of seven SNPs that RF selected as related to glioblastoma age at diagnosis were nominally statistically significantly associated with age at diagnosis in multivariate linear regression, P < 0.05. Thus, the RF analyses followed by either multivariate Cox regression on survival and linear regression on age at diagnosis yielded 11 SNPs for further study.
Because the whole-genome visualization analysis suggested that the associations of some of the SNPs with survival might have exceeded chance expectation, we also included the three SNPs with the highest HRs for survival in the replication study.
Replication set. Table 1 shows the patient characteristics for the 195 glioblastoma multiforme patients used for replication in relation to the population-and clinic-based groups from which they were chosen. We chose the first consecutive 195 subjects with blood specimens for the genotyping. As shown in Table 3 , the genotype frequencies for all 16 SNPs for the 112 glioblastoma multiforme patients genotyped with the ParAllele assay panel and for the 195 glioblastoma multiforme patients genotyped using Taqman or single base extension methods were very similar.
None of the SNPs selected were associated with survival (all P values >0.10), but one SNP, rs8057643, was associated with age at diagnosis (P = 0.0017), giving a Bonferroni-corrected P value of 0.05 (0.0017Â32). (See Supplementary Tables S2  and S3 for comparisons of medians of survival and ages at diagnosis for individuals by genotype of each of the 16 SNPs for the two sets of glioblastoma subjects.) The median ages at diagnosis by number of variant alleles in rs8057643 were similar for the two groups of subjects. For 0, 1, or 2 T alleles, respectively, the median ages at diagnosis were 66, 57, and 59 years for the 112 patients genotyped with the ParAllele platform and were 64, 57, and 55 years for the 195 patients genotyped with Taqman. Given this similarity, we did a combined analysis adjusted for gender and group, and found P = 0.001 for association of age at diagnosis with number of variant alleles in rs8057643. The same P values were obtained for the comparison of age at diagnosis for those with 1 or 2 versus no T alleles. Also, note that the direction of the association of median survival times with number of T alleles for the two sets of glioblastoma patients is similar (Supplementary Table S3) ; the combined HR with left truncation for number of T alleles adjusted for age, gender, and group (ParAllele set or replication set) is 0.82 (0.68-0.98; P = 0.03).
Discussion
We studied a very large number of nonsynonymous coding SNPs in this pilot study to test the feasibility of this approach to understand the relationship of inherited genetic variation to glioma survival and age at diagnosis. This pilot study was conducted on a limited number of patients (group 1) and resulted in a large number of potentially associated SNPs. However, only a small subset survived a vetting procedure based on FDRs, RF analyses, and analyses of genomically focused regional SNP sets. When this subset of 16 SNPs was genotyped in the replication set (group 2), only a single one was significantly associated with age at diagnosis and none was associated with survival using stringent criteria for multiple comparisons. This SNP was selected for replication because of an association with survival in group 1; the association of this SNP with age at diagnosis was not significant in group 1. However, the observed trend of the association of variant alleles in this SNP with age at diagnosis was somewhat similar in the two groups of patients studied. This pilot study points out many of the issues encountered in studying large numbers of SNPs in relation to disease characteristics. An essential problem is that of false-positive associations and the corollary of how to discover, among the many positive results, which are likely to be real; or as some put it, how to discover the signal over the noise. Replication in an independent set of subjects is necessary to help decide which associations are unlikely to be due to chance (24, 43, 44) .
The choice of test and replication sets is likely to be critical. Clearly, it would be desirable to have had a larger set of subjects for the initial large-scale genotyping. Also, it is difficult to come up with a truly identical population for replication. In our sample, the replication set had somewhat better survival owing to clinic-and population-based versus population-based recruitment only; there also was a shorter interval between diagnosis and recruitment in the replication set. However, even with the modest sample of subjects available and the dissimilarities in the two sets of glioblastoma patients, all 16 identified SNPs had nearly identical genotype frequencies. Despite having some limitations, this pilot study is strengthened by having well-characterized subjects with clear criteria for study inclusion, including a well-defined disease entity (newly diagnosed, histologically confirmed glioblastoma) and unambiguous disease characteristics, survival, and age at diagnosis. Furthermore, a SNP was identified in the replication group with somewhat similar results between both groups for associations with age at diagnosis and survival.
This SNP, rs8057643, was included in the assay panel because it was thought to be a nonsynonymous coding SNP in the hypothetical gene LOC400496 located on chromosome 16p13.2 with existence of the gene supported by the existence of mRNA AL162011. The T allele was thought to code for termination (a stop codon) and the C allele represents a glutamine (45). Information on this hypothetical gene and SNPs within it has recently been discontinued on the National Center for Biotechnology Information Web site. Now, the SNP is described only as being in the 5 ¶ end of the A2BP1 (ataxin-2 -binding protein 1) gene, which exists in four alternative isoforms. For three of these isoforms, rs8057643 is located before the transcription start site and may affect expression. For the fourth isoform, rs8057643 is located in intron 3, which is before the first coding exon (exon 4). The possibility exists that this SNP is in strong linkage disequilibrium with other functional SNPs, although there are no confirmed nonsynonymous coding SNPs within A2BP1 (45). A2BP1 has an RNP motif that is highly conserved among RNA-binding proteins. This protein binds to the COOH terminus of ataxin-2 and may contribute to the restricted pathology of spinocerebellar ataxia type 2 (SCA2). Ataxin-2 is the gene product of the SCA2 gene, which causes familial neurodegenerative diseases. Ataxin-2 -binding protein 1 and ataxin-2 are both localized in the trans-Golgi network. There were two other SNPs in the general vicinity of rs8057643 (at position 6,900,691; HR, 0.71; P = 0.03; age at diagnosis b = À2.51; P = 0.18) on the ParAllele assay panel; these were rs11077108 at position 6,900,674 (HR, 1.38; P = 0.03; age at diagnosis b = 2.63; P = 0.16) and rs8056547 at position 6,900,777 (HR, 1.03; P = 0.79; age at diagnosis b = 2.28; P = 0.16; the next nearest SNPs were at positions 5,355,972 and 8,747,455). Thus, the coefficients for association with age at glioblastoma diagnosis for the two nearby SNPs were very similar, but were in the opposite direction from rs8057643. The association with glioblastoma survival was very similar for rs11077108 (but in the opposite direction), but not for rs8056547. Rs11077108 and rs8056547 also were included on the ParAllele assay panel because they were thought to be nonsynonymous coding SNPs in LOC400496 with the rs11077108 A allele giving a histidine and the G allele giving an arginine, and rs8056547 with the C allele giving a histidine and the G allele giving a glutamine. It is important to note that these SNPs may not be functionally related to glioma age at diagnosis or survival; however, if the associations are replicated in additional studies, it may indicate linkage to a SNP associated with these disease characteristics.
Although we used multiple strategies to attempt to identify important SNPs, each strategy has limitations. For example, with respect to the whole-genome visualization, it is important to point out that multiple SNPs showing importance in a single chromosomal region does not necessarily imply multiple important SNPs in that region because SNPs near each other Abbreviation: NA, not applicable (SNP 2727015 could not be genotyped with PCR methods; see text for explanation). * Using the ParAllele convention, the higher-letter allele is considered the variant; for example, for a C/T SNP, 0 = CC, 1 = CT, and 2 = TT; see Table 2 for alleles for each SNP. may be in strong linkage disequilibrium, creating the appearance of runs of associated SNPs. Some important SNPs will not be in linkage disequilibrium with nearby SNPs and will not appear as runs. In addition, there may be important SNPs within the large gaps between the nonsynonymous coding SNPs assessed in this preliminary analysis that we have missed.
There also are some limitations in the choice of genotyping panel for this pilot study. The nonsynonymous coding SNP assay panel lacked promoter or gene expression SNPs. Furthermore, the state of knowledge of the human genome is incomplete and rapidly changing. Many more nonsynonymous coding SNPs have been identified since the assay panel used in this study was created, and there are no tools yet to unambiguously categorize or quantify the functional significance of SNPs so that they could be weighted in statistical analyses. Furthermore, there is variability in the genotype call rates for SNPs on this panel. The lower the call rate, the more likely subjects would be to be misclassified. The effect of such misclassification, assuming no systematic bias with disease characteristics, would be to reduce the effect measures toward the null. Moreover, as noted above, the one SNP that showed possibly statistically significant associations with survival in one patient group and age at diagnosis in the other is no longer classified as a nonsynonymous coding SNP.
Other SNPs on the ParAllele assay panel may be truly associated with glioma survival and age at diagnosis. These SNPs may be discovered through generation of additional candidates by computational methods that take into consideration the functional effect of individual SNPs based on known functional assays or computational prediction methods such as GenMAPP (46 -48) , LS-SNP (University of California at San Francisco (46 -50) , PolyPhen (51) , and SIFT (52, 53) followed by validation on an independent set of subjects. We also believe it to be advantageous to more clearly define candidate SNPs and regions before instituting large-scale genotyping interrogations to limit the number of false positives. Thus, we plan to develop a nonsynonymous SNP assay panel enriched for regions and genes thought to be associated with gliomagenesis, and then genotype these on a larger number of subjects initially. This would be followed by genotyping a replication set that includes a larger number of candidate SNPs than were possible in this pilot study.
